Abstract
Water supply in China is especially stressed. When averaged over the whole country, available water per capita 54 is at the water stress threshold of 1700 m 3 per year (Falkenmark, 1989; Brown and Matlock, 2011) . It is even less in 55 the arid to semi-arid Yellow river basin that produces 33% of the total agricultural production in China. To 56 overcome water shortages in the Yellow river basin, crops are irrigated from surface and groundwater. This 57 irrigation has directly changed the hydrology of the basin. While, 50 years ago, the semi-arid North China Plain had 58 springs, shallow groundwater and rivers feeding the Yellow River, at the present rivers and springs have dried up 59 where groundwater is used for irrigation (Yang et al., 2015a) . At the same time, in the arid Inner Mongolia, along 60 the Yellow River, the once deep groundwater is now within 3 m of the soil surface in the large irrigation projects 61 2010; Yeh and Famiglietti, 2009 ). The upward moving water contains salt that is deposit in the root zone and at the 89 surface. 90
Modeling moisture contents 91
There is tendency with the ever increasing computer power, to include all processes and the highly 92 heterogeneous field conditions in hydrological models (Asher et al., 2015) . In case of simulating moisture contents 93 these models become complex and often fully distributed in 3-D (Cui et al., 2017) . Examples of these fully 94 developed models are HYDRUS (Šimůnek et al., 1998) , SWAP (Dam et al., 1997) and MODFLOW (Mcdonald and 95 Harbaugh, 2003; Langevin, et al., 2017 ). These models have long run times when applied to real world problems. In 96 addition, calibration effort increases exponentially with the number of model parameters (Rosa et al., 2012; Flint et 97 al., 2002) . This makes the use of the complex models for real time management and decision support cumbersome 98 where many model runs are needed (Cui et al., 2017) . 99
To overcome the disadvantages of the full and completer models, computationally efficient surrogate models 100 have been developed to speed up the modeling process without sacrificing accuracy or detail. Surrogate models are 101 known under several names such as metamodels, reduced models, model emulators, proxy models and response 102 surfaces (e.g., Razavi et al., 2012a; Asher et al., 2015) . The complex models we will call "full" or comprehensive 103
models. 104
Computational efficiency is the main reason for applying surrogate models in place of full models. Other 105 advantages of surrogate models are shortening the time needed for calibration; identifying insensitive and irrelevant 106 parameters in the full models (Young and Ratto, 2011) . Most importantly, surrogate models allow investigating 107 structural model uncertainty (Matott and Rabideau, 2008) . Finally, surrogate models might be able to deal with 108 better with the self-organization of complex system prevalent in hydrology than the full models (Hoang et al., 2017. 109 For example, full models based on small scale physics (Kirchner, 2006 ) not necessarily can model the repetitive 110 wetting patterns observed in humid watersheds and for that reason. Simple surrogate models often outperform their 111 complex counterparts in predicting runoff when a perched water table is present in sloping terrains (Moges et al, 112 2017; Hoang et al 2017) . 113
Surrogate models can be classified in two categories (Todini, 2007; Asher et al., 2015) : data driven and 114 physically derived. Data driven surrogates analyze relationships between the data available and physically derived 115 surrogates simplify the underlying physics or reduce numerical resolution. In recent years, most emphasis in the 116 research literature has been data driven surrogate approaches (Razavi et al. 2012a ). Relatively little research has 117 been published on physically derived approaches. Despite its popularity, data-driven surrogates can be an inefficient 118 and unreliable approach to optimizing complex field situations especially when data is scarce such as in 119 groundwater systems (Razavi et al. 2012b ) The physically derived surrogates overcome many of the limitations of 120 data-driven approaches and are therefore superior over data driven methods (Asher et al., 2015) . 121
In the Yellow River basin various models have been developed to simulate the soil water content and water 122 fluxes. Full models that have been used are the HYDRUS-1D (Ren et al., 2016) , and finite difference model Li et al., (2017) . In these models, the matric potential is ignored, and the hydraulic 126 potential is equal to the gravity potential and thus the gradient of the hydraulic potential is unity (at least when it is 127 expressed in head units). Under these conditions the water flux becomes negligible when the soil reaches field 128 capacity at -33 KPa (equivalent to -3.3 m in head units) at what point the hydraulic conductivity becomes limiting. 129
These models are not valid for irrigation projects along the Yellow river with shallow groundwater because the 130 matric potential cannot be ignored over the short distance between the water table and the surface of the soil. Since 131 the gravity and matric potential are of the same order, the water moves either down to the groundwater or up from 132 the groundwater to the root zone depending on the matric potential at the soil (Gardner 1958; Gardener et al, 133 1970a,b) . In summary, thus for shallow groundwater at less than 3.3 m from the surface equilibrium is reached (i.e. 134 fluxes negligible) when hydraulic gradient is zero (i.e., matric potential and gravity potential add up to constant 135 value) and thus not when the conductivity becomes limited at a matric potential of -33 KPa. 136
For the irrigation perimeters with shallow groundwater in the Yellow River basin, we could find only two 137 surrogate models developed by Xue et al. (2018) and Gao et al. (2017a, b) . These two models do not consider the 138 dynamics of groundwater depth and matric potential. By including these dynamics more realistic predictions of 139 moisture contents and upward flow can be obtained and would give better results when extended outside the area 140 where they are developed for (Wang and Smith, 2004 Brooks et al. (2007) . Despite this, Asher et al. (2015) poses that 146 physically driven methods have not been applied widely to groundwater problems and even fewer with the 147 interaction of moisture contents in the vadose zone which are key in salinization and plant growth of the many 148 cropped irrigated field in arid and semi-arid regions. In these water short areas it is extremely important to develop 149 models that show directions how to save water. The main objective of this study is, therefore, to develop a novel 150 surrogate model and validating this approach using experimental data collected in a field with shallow groundwater 151 with the ultimate goal is to save water in irrigation districts. In addition, sensitive and insensitive model parameters 152
were identified for simulating moisture content in shallow groundwater area to optimize future data collection 153 efforts. The experimental fields are located in the Hetao irrigation district, Inner Mongolia, China, where on two 154 maize fields, the moisture content and the groundwater table depth were measured over a two-year period. 155
The surrogate model developed is a one dimensional model simulating the moisture content in the root zone 156 using the groundwater depth and information of soil moisture characteristic curve. It can be easily adapted to field 157 scale by including the lateral movement of the regional groundwater. However, over short times, lateral movement 158 can be neglected in nearly level areas outside a strip of 5-100 m from the river (Saleh et al., 1989) The plant growth stages are given in Table 1 . The fields were flood irrigated three or four times during the heading 178 and filling stages starting in late June or early July (Table 2) . Soil samples were collected in rings from the same five layers where moisture contents were measured and 197 used for determining soil physical properties including soil moisture at field capacity (θ fc ), soil moisture at saturation 198 (θ s ), dry bulk density (ρ), and saturated hydraulic conductivity (K s ) (Table 3) 
The Shallow Aquifer -Vadose Zone surrogate model 211
In developing the Shallow Aquifer -Vadose Zone surrogate model for modeling moisture contents in the 212 vadose zone, we followed the standards of good modeling practice by Jakeman et al. (2006) . We made the model as 213 simple as possible, provide justification for our surrogate technique, test the surrogate model performance and 214 finally provide detail on the method to encourage discussion on the technique followed. 215
Theoretical background 216
For shallow groundwater (less than 3.3 m deep), the matric potential is a function of depth under equilibrium 217 conditions. Since the soil moisture characteristic curve for each soil is the relationship of moisture content and 218 matric potential, the moisture content is also a function of the depth of the water table under equilibrium conditions. 219 For cases when the groundwater is close to the surface, under equilibrium conditions when the water flow is 231 negligible, (i.e., hydraulic potential is constant with depth), the matric potential can be expressed as height above 232 the water table. For our field experiment the bubbling pressure, and the pore size distribution index, , in the 233 Brooks and Corey model can be obtained through a trial and error procedure by using the measured moisture 234 content and matric potential derived from the groundwater depth after an irrigation event when equilibrium state 235 was reached and sum of the gravity potential and matric potential was constant with depth. 236
Parameters based on soil moisture characteristic curve 237
The soil of the crop root zone is divided into several soil layers and each soil layer has its specific soil mositure 238 characteristic curve. After a sufficiently large irrigation and rainfall event, the moisture content is at equilibrium 239 after the drainage stops. After such an event, the soil moisture of vadose zone stays at the equilibrium moisture 240 content as long as the evapotranspiration is less than upward flux from the groundwater. 241
Equilibrium moisture content 242
The equilibrium soil moisture content, , in a layer can be determined by first replacing the matric potential 243 in Eq (1a) by the matric potential of the layer that is dependent on the depth of the groundwater and depth of 244 the soil layer, z, e.g. 245 ( ) where is the matric potential under equilibrium moisture content at a depth z below the surface and h is the 246 depth of the groundwater below the surface 247
where is the equilibrium soil moisture at the depth z below the surface while the groundwater depth is h. Note 248 that the superscripts z and h indicate the dependence on the distance from the soil surface, z, and the depth, h, of the 249 groundwater table. 250
Drainable porosity 251
The drainable porosity, or specific yield, is defined as the amount of water drained from the soil for a unit 252 decrease of the groundwater table when the soil moisture is at equilibrium. It is a crucial parameter in modeling the 253 moisture content in our case or amount of runoff for a shallow perched water table when there is rain (Brooks et al., 254 2007) . 255
By subtracting the total moisture content at equilibrium in the profile at the initial water table depth and at the 256 new position one unit lower, we obtain the drainable porosity. For example, the area between the orange and blue 257 curve is the amount of water drained for a decrease in the water table from 130cm to 150cm (Fig.3) . 258 The total water content amount of the soil over a prescribed depth with a water table at depth h can be 264 expressed as 265
where ̅̅̅̅̅ is the average equilibrium moisture content of layer j for h taken at the midpoint of the layer, n is the 266 number of layers in the profile, L j is the height of soil layer j. And the drainable porosity, with the groundwater 267 at depth h, can simply be found as 268
where Δh =0.5 . 269
Calculating fluxes in the soil 270
The model accounts for the downward flux due to the irrigation and rainfall, evapotranspiration by plants and 271 soil, and upward flux from the groundwater to satisfy some or all the evapotranspiration demand by the crop and soil. 272
There are sets of rules implemented in an Excel spreadsheet to calculate the fluxes. evapotranspiration is extracted out of the root zone according to a predetermined distribution, , e.g., 295
Where ( ) ̅̅̅̅̅̅̅̅̅ is the average soil moisture content at time t of layer j, ( ) ̅̅̅̅̅̅̅̅̅ is the average equilibrium 296 soil moisture content of layer j when the groundwater depth is h at time t, is a reduction factor of the 297 potential evapotranspiration for saline soil water and canopy and is the root function that determines the 298 portion of the evapotranspiration is taken up by the roots in layer j. The value z is taken at the midpoint of 299 layer j. The time t is expressed in days and time, t-Δt, is the previous day. 300
The downward flux 301 4. The rules for downward flux on days with the effective rain and/or irrigation are relatively simple. If the net 302 flux at the surface (irrigation plus rainfall minus actual evapotranspiration) is greater than needed to bring 303 the soil up to equilibrium moisture content, the groundwater will be recharged and the distance to soil 304 surface decreases and the moisture content will be equal to the equilibrium moisture content at the new 305 depth. 306 5. When the groundwater is not recharged, the following water balance will be calculated: the rainfall and the 307 irrigation are added to first layer. This layer will be brought up to the equilibrium moisture content and the 308 remaining water fills up the next layer to the equilibrium moisture content and so on. The calculations can 309 be expressed as follows: 310
where for j ≥2, R j-1 is the flux from the layer above and 311
For j=1, R 1 is equal to the rainfall plus the irrigation amounts minus potential evaporation 312
Groundwater table depth 313 6. The groundwater in Hetao irrigation district has a small hydraulic gradient of 0.10-0.25% (Ren et al., 2016) . 314
In addition, the soil varies from a silt loam to a clay loam ( Table 4) where the upward flux, , is calculated with Eq 9, the percolation of the bottom layer with Eq 12 and the 320 drainable porosity, with Eq 7. When the groundwater is close to the surface, the drainable porosity is zero. This 321 would make the change in groundwater infinite. Thus, we limited the maximum decrease in groundwater after the 322 irrigation event to be 10-20 cm based on field observations. 323
Model calibration and validation 324
The soil moisture contents were measured from 
Results 354
In this section, we present first the 2016 and 2017 experimental observations of the Fenzidi experimental fields 355 in the Hetao irrigation district (Fig.1) . This is followed by the calibration and validation of the Shallow Aquifer-356
Vadose Zone Model of moisture content in each of the five layers and the groundwater table depth. 357
Results of the field experiment 358
The total precipitation at the experimental during growing season was 62 mm in 2016 and 67 mm in 2017. The 359 maximum daily rainfall was 23 mm in July 2017 (Fig. 2) . The reference evapotranspiration varied between 1 360 mm/day to 5.5 mm/day and the total ET 0 was 517 mm and 442 mm in the growing seasons during 2016 and 2017, 361 respectively (Fig.2) . Daily observation consisted of groundwater depth (blue spheres, 
Groundwater observations 374
In 2016, the groundwater depth was generally more than 100 cm except during the last two irrigation events on 375
Field B when it reached a depth of 72 cm for one or two days (Fig. 4) . In 2017, groundwater tables were slightly 376 closer to the surface than in 2016, especially in Field B2. The minimum groundwater depth was 61 cm on June 21, 377 2017 in Field B2 after an irrigation event. 378
In general, groundwater rose during an irrigation event and then decreased slowly due to upward movement of 379 water to the plant roots to meet the transpiration demand. However, in the beginning of the growing season, we can 380 see that the water table increased without an irrigation event. This occurred on Field A on June 24, 2016 and Fields 381 B1 and B2 on June 20, 2017 (Fig. 4) . This is curious and could be due to water originating from irrigation in a 382 nearby field. 383
The water table at the end of the period of observation on September 25, 2016 is approximately 2 m deep, 384 whereas on June 15, 2017, the depth decreased to around 125 cm. This is due to an irrigation application after the 385 crops were harvested to leach the salt from the surface to deeper in the profile bringing the water table up to near the 386 surface. Evapotranspiration during the winter is small but sufficient to bring the water table down. There was also a 387 rainfall event on June 5, 2017 of 13 mm (Fig. 2) before the water table was measured, increasing the water level. 388
Soil Moisture 389
Moisture contents are shown for the five layers and the two fields for 2016 and 2017 in Fig. 5 . The moisture 390 contents were near saturation when irrigation water was added and subsequently decreased ( also showed a decrease at the 50-70 cm depth. For all plots, the moisture content at the 70-90 cm depth stayed nearly 395 constant and only decreased during the growing season when the water table decreased below the 150 cm depth (Fig.  396   5) . In Field A, the initial moisture content when the observation started was less than saturation and then after the 397 first irrigation, remained close to the saturated moisture content. 398
It is interesting that while the soil profile was saturated (Fig. 4) , the groundwater table was between 75-100 cm 399 (Fig. 5) . Before equilibrium moisture content was reached the water table was likely near the surface during the 400 irrigation event. Because the drainable porosity was extremely small, even a minimum amount of evapotranspiration 401 or drainage would cause the water table to decrease to roughly the height of the capillary fringe equal to the 402 bubbling pressure, , in Eq. 5. The values of bubbling pressure are listed in Table 5 . 403
Soil moisture characteristic curve 404
In 2016 and 2017, the observed reduced moisture contents were plotted versus the height above the water table  405 for the five soil layers of the two field sites in Fig. 6 . These plots were used to define the soil moisture characteristic 406 curves which were of critical importance in simulating the moisture contents. 407
To define the soil moisture characteristic curve, the Brooks-Corey equation (Eq. 1) was fitted through the 408 points closest to saturation at each matric potential representing the equilibrium conditions after an irrigation event. 409
The fitted parameter values are shown in Table 5 . Points to the left of the soil moisture characteristic curve are a 410 result of evapotranspiration drying out the soil when the upward movement of water was insufficient to replenish the 411 moisture content in these layers and thus matric potential and groundwater depth were not in equilibrium. In 412 addition, the few points to the right indicate the soil moisture was greater than the equilibrium moisture content. 413
Many of the outlier soil moisture contents occurred in the layer from 0-10 cm indicating that the soil was still 414 draining after a rainfall event shortly before the measurements. Thus, the soil was not at the equilibrium moisture 415 content. 416
The saturated moisture contents in Table 5 agree in general with the one measured in Table 1 but are not exact.  417 This is not a surprise as the alluvial soil deposited by the rivers with layers vary over short distances. The variation 418 within the field was also obvious from the soil's physical measurements. Fields B1 and B2 are within Field B. The 419 soil's physical properties of the various layers (Table 4) were not the same for the three sites, clearly showing the 420 variability within the field. 421
Generally, large values of pore size index coefficient λ are for sandy soils and lower values are for clay soils 422 (Bahmani and Bayram, 2018) . We find this to be true for our site: for example, in Field A, the λ=0.23 corresponds to 423 a sandy layer with only 8% clay in the 30-50 cm layer (Tables 4 and 5 ). In the 70-90 cm layer of Field B, the λ=0.07 424 corresponds with the clay layer of 23% clay. In addition, bubbling pressure, , are greater for soils with a large 425 clay content (Bahmani and Bayram, 2018) . This is demonstrated for Field A in the 10-30 cm layer where the 426 bubbling pressure of 75 cm corresponded with the clay layer of 20% clay. However, the correspondence between 427 Tables 4 and 5 is not always perfect. This is especially obvious for the layer of 70-90 cm in Field A where the values 428 in Table 5 clearly indicate that the soil has a dense clay layer; however, the soil description in Table 4 shows that the 429 soil is 39% sand. This is due to the alluvial deposition patterns with changes in soil texture over short distances as 430 mentioned before. 431 432 
Modeling results 437
The four parameters that can be calibrated in the Shallow Aquifer-Vadose Zone Model are the crop coefficients 438 K c value and the root function both related to removal of water by the atmosphere and the two groundwater 439 parameters that determine the upward movement of water from the groundwater. (Table 6) . These values are in accordance with the findings of Katerji et 446 al., (2003) that salinity reduces the evapotranspiration (Katerji et al., 2003) . According to the observed total salt 447 content, the mean total salt content of experiment field in 0-100cm soil layer during crop growth period were 448 2.29g/kg in field A, 1.79g/kg in field B, 2.33g/kg in Field B1, 20.9g/kg in Field B2, respectively. 449
The second step was calibrating the moisture content by adapting the root function indicating from what layers 450 the water was taken up. Calibration was done manually by trial and error. We found that we could use the same root 451 function for Fields A, B, B1, and B2 (Table 6 ). The calibrated soil moisture contents of the five soil layers for the 452 two fields in general are in agreement with the measured values in 2016 (Fig 5a, b) with the coefficient of 453 determination R 2 ranging between 0.48 to 0.94 with slopes of around 1; the mean relative error (MRE) between -9.38% 454 and 6.96% and the root mean square error (RMSE) varied from 0.01 to 0.04 cm 3 /cm 3 for the five layers (Table 7-1) . 455
Finally, the parameters behaved physically realistically as water was extracted from shallow layers when the 456 groundwater was close to the surface and from the deeper layers when the groundwater and the associated capillary 457 fringe went down. 458 Table 6 on Fields B1 and B2. Although the validation statistics of the five layers were slightly worse than for calibration in Table 7 , the overall fit was still good as shown in Fig. 5c The final step was to calibrate the groundwater table coefficients with the 2016 data for both fields. We found 468 that for fields not in the same location (e.g., A, B) the subsurface was sufficiently different so that the same set of 469 parameters could not be used (Table 6 ). The difference between the calibrated parameters for the two fields was 470 small ( Table 6 ). The measured and simulated groundwater depths were in good agreement with the chosen set of 471 parameters (Fig. 4a, b) with coefficient of determination R 2 being 0.67 for Field A and 0.85 for Field B ( Since Fields B1 and B2 are in the same location as Field B, we used the same set of groundwater parameters 483 for the three fields (Table 6 ). The resulting fit between observed and predicted daily groundwater depths for Fields 484 B1 and B2 in 2017 was better than for the calibration in 2016 (Fig. 4c, d) 
Discussion 495
In this manuscript, a novel surrogate model was developed for irrigation systems where the groundwater is 496 close to the surface. The model uses the soil moisture characteristic curve to derive the drainable porosity and to 497 predict the moisture contents in the soil. It is based on a less often used definition of field capacity (or equilibrium 498 moisture content as it is called in this manuscript) based on the observation that the flow becomes negligible when 499 the hydraulic gradient is zero. In other words, the system is in equilibrium when the sum of the matric potential and 500 the gravity potential is constant. Thus, when we chose the groundwater level as the reference point for the gravity 501 potential, the matric potential is equal to the height above the groundwater. This is different from other application 502 of Darcy's law where the groundwater is below 3.3 m. In these cases, groundwater movement stops when the 503 conductivity becomes negligible at -33 kPa or 3.3 m in head units. The hydraulic conductivity value above -33 kPa 504 (3.3 m in head units) does not limit the system reaching equilibrium for daily time steps. No need therefore exists to 505 measure this parameter in great detail for surrogate models. The opposite is true for the soil moisture characteristic 506 curve for determining the spatial distribution of moisture content with depth above the groundwater. 507
In general, this surrogate model simulated the soil moisture content in each soil layer well, certainly when 508 compared to other models that attempted the soil moisture contents in the Yellow River basin such as North China 509
Plain (Kendy et al., 2003) and the Hetao Irrigation District by Gao et al. (2017b) during the crop growth period. Our 510 simulation results suggest that the reduction factor of the potential evaporation for soil saline K c and root function 511 parameters, together with the information of the soil moisture characteristic curves, can be used to adequately 512 predict the soil moisture content. To predict the groundwater depth, two additional parameters are needed for the 513 exponential function that defines the upward movement of groundwater. 514
The simulations, together with the observed data, indicated that information about the soil is very important to 515 obtain the exact moisture content in the soil. However, generalized soil moisture characteristic curves for each soil 516 type can be used in the simulation and will not result in great differences in water use by plants since percolation to 517 deeper layers was negligible and thus the only loss of water was by evapotranspiration independent of the soil 518 moisture content. 519
Finally, in the simulations we did not consider the influence of crop type and the influence of crop growth on 520 soil moisture and groundwater depth. To validate and calibrate the surrogate model we carried out a two-year field experiment in the Hetao irrigation 530 district in upper Mongolia with groundwater close to the surface. Using meteorological data and the soil moisture 531 characteristic curve and upward capillary movement, the surrogate model predicted the soil water content with depth 532 and groundwater height on daily time step with acceptable accuracy during validation and was an improvement two 533 previous models applied in the Hatao district that could predict the overall water content in the root zone but not the 534 distribution with depth. 535
The surrogate modeling results show that after an irrigation event as long as the upward flux from the 536 groundwater to the root zone was greater than the plant evapotranspiration rate, the moisture contents in the vadose 537 zone could be found directly from the soil moisture characteristic curve by equating the depth to the groundwater 538 with the absolute value of the matric potential. When plant evapotranspiration rate exceeded the upward movement 539 moisture contents would be indicated by groundwater depth and was predicted by a root zone function. Another 540 finding was that the daily moisture contents were simulated without using the unsaturated hydraulic conductivity 541 function in the surrogate model. For a daily time step equilibrium (defined as the hydraulic potential being constant) 542 in moisture contents in the profile was attained so that precise unsaturated conductivity was not needed. Of course, 543 for shorter time steps, predicting the transient fluxes and groundwater the conductivity function is needed. For 544 management purposes a daily time step is acceptable. 545
Future improvement to this model will focus on coupling the EPIC model and apply it to simulate other crops 546 and other location with shallow groundwater 
